ABSTRACT Implant-tooth-supported fixed dentures are designed clinically due to the limitation of the local anatomy in specific implant sites or following an implant failure. However, it is difficult to precisely simulate the post-surgical biomechanical behavior on alveolar bone tissue with daily mastication. This paper presents and validates a reliable system to predict alveolar bone material properties and to identify the best fit treatment. We randomly chose 23 patients who had been followed for at least three years after Implanttooth-supported fixed dentures. A poroelastic finite element model (FEM) is designed to characterize the biomechanical stresses of the aortic tissue for each patient. The Kernel least mean square is used to model the relationship between the alveolar bone material properties and biomechanical stress features generated by the daily occlusal force. Therefore, the alveolar bone material properties and the optimal treatment can be predicted by this integrated model prior to the operation for a new patient. The prediction accuracy of our model is 91.5%, more accurate than linear finite element model-LFEM (72.8%), mass-spring model-MSM (78.5%), and mass tensor model-MTM (80.2%). That demonstrates the high value of this model as a decision-making assistant for surgical planning of the patients who are scheduled to undergo dentures. The results of this paper demonstrate that this integrated model can predict alveolar bone material properties postoperatively with high accuracy. It combines bio-mechanical and machine learning approach to create a surgical planning tool which may support the clinical decision in the future.
I. INTRODUCTION
With the popularization of implant technique, the implantsupported fixed partial prosthesis has become a good choice to replace the missing teeth [1] . In some cases, implanttooth-supported fixed dentures are designed clinically due to the limitation of the local anatomy in specific implant sites or following an implant failure. However, it still remains a controversial issue whether the natural teeth and implants
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can jointly support a fixed denture, possibly because their inconsistent mobility in loading function may lead to natural teeth sinking, restoration ruptures, and severe alveolar bone resorption [2] . Finite element models were widely used by scholars to evaluate the possibility of this combination of implant and natural teeth to support a fixed denture. Some studies indicated that the proper case selection and designing should be the key to success in practice, including the alveolar bone quality, stress distribution, etc [3] - [5] . Our preliminary study concluded that the quality of the bone significantly influenced the stress distribution in bones, and that for tooth implant-supported fixed partial prostheses, bone types I and II were a better choice than bone types III [6] .
However, simple biomechanical analysis does not truly reflect clinical needs. As early as the 1970s some research reported the mechanical force could cause organizational differentiation and functional transformation [7] , possibly due to that biomechanical stimulation to change the cell morphology, cell biochemical environment and interactions between cells. The relevant studies [7] - [9] have shown that when the tissue shows high level of shear stress and shear strain, the mesenchymal cells are easy to form fibrocartilage tissue; otherwise, the cells form bone tissue. While compressive stress can cause bone absorption, tensile stress is conducive to bone formation. In addition, with the development of molecular biology research, there are a lot of reports [10] , [11] of cell differentiation and transformation process, and animal experiments to verify the reliability of reconstruction model [12] , [13] . The different responses of tissue cells to biological motility depend primarily on the type of cell collagen such as osteoid produced by the tissue locally activated cells and the functional status of the target cells.
In vivo, bone tissue can produce biomechanical response to its stressful environment (bone functional adaptive alteration); compared with natural teeth, implant undoubtedly changes the original biomechanical environment of alveolar bone. The process of reconstruction, causing changes in the surrounding bone, will certainly have a significant impact on the long-term survival of the implant. Then in the process of numerical simulation, we must consider the biomechanics and biological interaction of the teeth, implants, and the surrounding bone, in order to get more accurate analysis of the results. In addition, previous studies were usually limited to static stress, and in recent years there have been reports of stress analysis under dynamic loading of one chewing cycle (0.875sec). Thus, long-term impact of the bone reconstruction under the functional loading is the focus of our attention, which has not yet reported.
In this study, we established a patient-specific finite element model to describe the relationships between the biomechanical information of patient's daily mastication and bone remodeling. The novelty of the proposed approach lies in: (1) . calculation of stress from the occlusal force with bone remodeling in daily mastication; (2) . simulation of angiogenesis and cell differentiation in bone remodeling subjected to compressive stress using finite element model; and (3). use of a Kernel Least Mean Square (KLMS) [14] statistical model to simulate the material properties for patients with implanttooth supported fixed partial denture. The purpose of this study is to evaluate whether biomechanical factors and daily mastication can be used to predict convergent compressive stress of implant-tooth supported fixed partial denture.
II. METHODS
A novel approach was proposed to model the relationship among material properties, biomechanical properties (stress features), and occlusal force by Kernel Least Mean Square (KLMS) model [14] - [16] . Fig. 1 illustrates the flow chart of the whole model. Both the training and the test phases had the following steps: 1) a collection of patient CBCTs, and clinical information (described in Section 2.1); 2) extraction of biomechanical properties (stress) from aforementioned data by FEM on the alveolar bone. The exclusion criteria included: chronic pain syndrome; severe orthodontic deformity.
Biomechanical feature extraction was conducted in the following steps: 1) Segmenting the alveolar bone from CT data and generating the alveolar bone tissue mesh data for FEM calculation (Section II.B.1); 2) Simulating the force on alveolar bone (Section II.B.2); 3) Designing the elastic material model with different bone tissue properties assignment by different stages (Section II.B.3); 4) Formulating stress as a biomechanical property with respect to occlusal force and alveolar bone tissue properties (Section II.B.4).
In the training phase, KLMS was used to model the relationships between material properties and biomechanical properties including stress features generated by occlusal force (Section II.C). On the other hand, in the test phase, stress features were first extracted by FEM with an initial force derived for a new patient. Afterwards, we provided the extracted stress features of the new patient as the input to the trained model to predict the optimal force as output.
Finally, material properties evaluation was implemented to assess the performance of the proposed system (Section II.D).
A. PARTICIPANTS
Twenty-three patients who underwent implant-tooth supported fixed partial denture were selected with at least 3 years of follow-up, and all medical histories and post-surgical outcomes were available. CBCT and other clinical information were collected from the clinical database in the hospital. Informed consent was given to all the patients involved and the research protocol had been approved by the human ethics committees of Chongqing Medical University.
There is no direct relationship between material properties and occlusal force. As a practical matter, dental implant design is mainly based on CBCT image prior to the surgery. Experienced doctors monitor cases mainly by CBCT and clinical examination to determine and evaluate the effect of the implants before and after the surgery. In this study, we used follow-up information to validate our FEM simulation.
B. BIOMECHANICAL FEATURE EXTRACTION
Material properties of dental implant are mainly determined by the situation of alveolar bone tissue and chewable biomechanical properties. Thus, to quantitatively estimate the material properties of bone tissue, a FEM was used to extract biomechanical features of alveolar bone tissue, simulating 12 weeks after restoration. An iteration model (KLMS) with bone tissue regeneration was subsequently used to simulate the dynamic change of the alveolar bone properties. 
1) ALVEOLAR BONE SEGMENTATION AND MESH DATA GENERATION
CBCT images were used for alveolar bone segmentation in Mimics software (Materialize, Belgium). The alveolar bone tissue was subsequently used to generate mesh data for FEM calculation. Fig.2 shows the segmentation process for generating alveolar bone from CBCT data. Since CBCT intensities for alveolar bone tissues are consistently higher than soft tissues, the bone can be segmented quite robustly by simple thresholds at 1400 to 2200 Hounsfield units (Hu) for cortical bone and trabecular bone below 600 Hu [17] . The alveolar bone strip will be loaded by the forces in chewable activity simulation.
A linear relationship between the HU values and the bone apparent density ρ is formulated as
where ρ min denotes the minimum density and ρ diff the difference (range) of density.
In principle, biomechanical behaviors of alveolar bone affected by a specific force can be characterized with mechanical equations of linear elasticity [18] , [19] . The 3D object was first discretized into small elements (called the mesh). In each element, the stress/strain was obtained from element equations [20] . The equations obtained for each element were then assembled with adjoining elements to form a global equation for the entire object. The global equation was then solved using FEM software ANSYS 12.0 (ANSYS Inc, PA).
The alveolar bone tissue was simulated as homogenous material. To generate a mesh structure applicable to all patients, the segmented structures were exported as STL files and subsequently imported into TrueGrid (XYZ Scientific Applications, Inc.). Finally, a hexahedral block mesh with 24,177 nodes was generated (Fig.3) . It served as the detailed anatomic structures for real patients. 
2) SIMULATE LOADING FORCE IN ALVEOLAR BONE
Dental implants and natural teeth transmit chewing forces to the alveolar bone. To determination of displacement boundary condition, the mesh nodes can be classified into two categories: the boundary nodes and the free nodes. Boundary nodes located in the bottom of alveolar bone would be repositioned during daily mastication. Remaining parts are free nodes subject to the minor displacement of boundary nodes. To precisely simulate a virtual force before surgery, we applied a loading force on implant contact region of the alveolar bone and fixed an opposite edge from the alveolar bone mesh data generated as described above. This contact VOLUME 7, 2019 region is located on the surface of the alveolar bone closed to the installed the implant. Fig.4 indicates the simulation for the loading. The position of the loading force should be kept consistent with the surgical position in the implant procedure to avoid inaccurate simulation results.
3) ASSIGNMENT OF BONE TISSUE PROPERTIES
The tissue properties of alveolar bone vary after implant insertion due to cell differentiation process with mechanoregulation. Different tissue properties result in different simulation outcomes. Daily mastication (500 times per day) [21] , [22] were considered for FEM simulation. The different tissue properties were used to estimate biomechanical properties based on Hooke's law [20] .
In order to consider the role of angiogenesis during tissue differentiation, Geris et al. [23] proposed a mathematical model to simulate tissue differentiation where cell density is regulated by the concentration of angiogenic factors. While Checa and Prendergast [24] developed a mechano-biological model to simulate capillary network formation and its effect on tissue growth in a bone/implant interface using the finite element method.
The mechanical stimulus regulating cell differentiation was defined as S = γ /a + v/b, where γ was the octahedral strain, v was the fluid velocity (in mm/s), and a and b were empirical parameters equal to 0.0375 and 0.003 mm/s respectively [25] . S was computed from the finite element model using a poroelastic formulation in ANSYS 12.0 (ANSYS Inc, PA).
After each iteration, the element material properties (Young's modulus, Poisson's ratio, and permeability) were computed as an average of the properties for the tissue phenotypes predicted in the lattice points within the element in the last 10 iterations [26] . Poisson's ratio is a measure of the Poisson effect, the phenomenon in which a material tends to expand in directions perpendicular to the direction of compression. Alveolar bone tissue property was determined by weighting the tissue properties of alveolar bone, cortical bone and PDL based on their volumetric proportion [27] in the mesh data. Initial material properties are also shown as follows [28] . 
4) FORMULATE STRESS WITH RESPECT TO THE FORCE AND TISSUE PROPERTIES
We extracted strain as one of the biomechanical properties (features) from FEM by simulating a virtual initial force of 200N [17] which affects mastication. The strain for each mesh node varied according to different geometric features and the forces in the FEM model. Young's modulus E and Poisson's ratio υ were determined in the different stage as tissue material parameters for FEM calculation on each mesh node.
Then we used FEM to calculate the strain as biomechanical properties of individuals according to their geometric information and loading force. Young's modulus and Poisson's ratio was applied to each mesh node of alveolar bone strip tissue. There are three direct stress components, σ 11 , σ 22 , σ 33 and three independent shear stress components, σ 12 , σ 13 , σ 23 [20] . For the case of linear elasticity, we assumed that displacements are small, allowing the small strain tensor to be used. To calculate the stress of each mesh node, we used Hooke's law [20] to describe the relation between stress and strain, σ = C , where σ is the stress components, and is the strain component, C is the elasticity tensor determined by Young's modulus E and Poisson coefficient υ. Since we focused on the contact region of alveolar bone, only nodes located on the surface of the alveolar bone, and closed to the installed the implant were selected for the calculation. Teeth were modelled for determination the location of the fixed partial prosthesis during the simulation before surgery.
Here, we chose n = 7, 500 nodes on the bone. To obtain strain feature distribution, we first simulated bone behavior (i.e., bone strain from FEM) response to different forces. Afterwards, the stress vector σ i was stacked together and employed as the feature of the ith patient. We denoted i = (
i ), where, F i is the initial force of the ith patient, and A (n) i denotes cross-section area for the mesh node n, and (·) represents the stress modelled by Hooke's law with respect to these parameters. Here, FEM was implemented by the commercial FEM software ANSYS 12.0 (ANSYS Inc, PA).
C. KERNEL LEAST MEAN SQUARE MODEL ESTIMATION
The outcome of implant procedure is primarily judged by the osseointegration and improvement in tooth function. An implant-tooth-supported fixed denture was placed to function after 12-16 weeks of osseointegration. Each patient has been followed up to assess by CBCT at 12 weeks after restoration. To model relationship between material properties and biomechanical stress features generated by occlusal force, we used here a Kernel Least Mean Square (KLMS) approach. KLMS is an online and adaptive regression algorithm based on kernels. As a nonlinear regression method, it can adapt filter parameters using a stochastic gradient approximation in reproducing kernel Hilbert spaces [14] .
To uncover a function f : U → R based on a sequence ((x 1 , y 1 
Y is a compact subset of R and U is assumed as a compact subset of R M . To find the true underlying function f , KLMS algorithm uses a stochastic gradient approximation to minimize the following empirical risk:
Space H is hypothesized unconstrained. The algorithm is summarized as follows. Here the kernel function is defined as
with the width a > 0. Given the input-output training data pairs (δ i , θ i ) ∈ R 2 ×R, i = 1, . . . , h, we could learn a prediction function f such that f (δ i ) ≈ θ i for each i. θ i is the material factors of ith patient. The true material parameters of the selected case were obtained from the post-operative CBCTs. The prediction function of KLMS is defined as
where µ denotes the step size, e i is the instantaneous prediction error at iteration i, e i = y i −f i−1 (δ i ), i.e. the instantaneous error only depends upon the difference between the desired response at the current time and the evaluation of the current sample x i with the previous system model f i−1 . The learned mapping of KLMS, at iteration N , will be
The computations were implemented in Matlab on a 64 bit operating system with 2.26GHz (2 CPU and 30.0GB RAM. Material properties evaluation was implemented to assess the performance of the proposed system. We evaluated the performance based on the difference between the prediction material parameters and the ground truth of bone mineral density obtained by post-operative CBCT followed 12 weeks after the restoration, given by:
where θ i denoted the actual density, θ i denoted the predicted material parameter of the ith patient, i = 1, . . . , h. Sensitivity analysis [29] was performed to explore the model output variation upon perturbation of variables [30] , [31] , such as loading force F, Young's modules E, Poisson's ratio υ, mesh related cross section area A, density D, iteration times T , and parameters [29] such as top 10 coefficients w i 10 i=1 with 90.5% impact percentage of all features in training model, which affect the prediction results significantly. All of the factor values were perturbed over a range of 5%.
III. RESULTS

Fig.5
shows the stress distribution in alveolar bone tissue. Different colors represent different values of strain in certain contact area of alveolar bone tissue mesh data. The 3D mesh data is generated from the shape of the mandibular bone without teeth/fixed partial prosthesis. For example, yellow regions have higher stress than green regions. With the passage of time, stress continues to affect the growth of alveolar bone. Stress concentration around the implant is more than natural tooth, possibly due to the lack of PDL. The average stress concentration near the implant is 8.4e6 Pa. Excessive stresses react upon the alveolar bone tissue from implant may block the function of bone development and leads to early failure of implant-tooth-supported fixed dentures. The elements with green color are high stress concentration area, which may result in implant unstable during daily mastication. The elements with blue color are low stress concentration area, which has less stress and more stabilization during daily mastication. The distributions of stress information from FEM simulation were used to predict the survival rate of dental implant. The material properties calculated by studying the ground truth of bone material density obtained by post-operative CBCT followed 12 weeks after restoration. denture is insensitive to some material related parameters, e.g., E, υ, (1.3%-2.5% upon 5% parameter perturbation), but is relatively more sensitive to other individual factors such as some biomechanical features (2.9%-3.8% upon 5% parameter perturbation).
IV. DISCUSSION
Implant-tooth-supported fixed partial denture is a comparatively economical and simplified way to replace the missing teeth in some specific cases, which can avoid complicated surgeries, such as GBR and maxillary sinus lifting. This kind of prosthesis has been successfully used in dentition defect, whereas the long-term effects need more theoretical foundation. This study has established a model to predict alveolar bone material properties of the patients with the implanttooth-supported fixed denture, which can help dentists to select the case properly in practice to improve the long-term success. When a patient comes to the clinic, we can accurately simulate the biomechanical behavior of alveolar bone tissue with daily mastication and precisely simulate the material properties of alveolar bone tissue with an implant-tooth supported fixed denture by learned KLMS model. If prediction material parameters are within the normal range, this patient is fit for this specific design, otherwise, alternative treatment should be considered.
Since the degeneration degree varies in different regions of the bone tissue, we should consider most the predicted factors based on all features for the patient as much as possible. In order to model the features of {δ i } to predict material factor {θ i }, we used KLMS model because it is a regularization approach that is well-known to perform well in undetermined problem like ours. KLMS, as an online kernel learning method, provides efficient alternatives to approximate the desired nonlinearity incrementally. As training data are sequentially presented to the learning system, online learning requires, in general, much less memory and computational cost. Practically, the training datasets can be expended once a new patient's postoperative data are available. Parameters can be adaptively adjusted when a new sample is added to the training database. Therefore, KLMS is an adaptive learning mechanism that can leverage increasing numbers of samples to further fine-tune the prediction model. There is evidence that our approach performs well when predicting material parameters of alveolar bone tissue of the patients postoperatively.
Compared to the traditional calculation model, such as mass spring model (MSM) [32] , mass tensor model (MTM) [33] , and linear finite element model(LFEM) [4] , [34] , we considered in our model the angiogenesis and cell differentiation in bone remodeling subjected to compressive stress, and studied the biomechanical properties with daily mastication in patients. The prediction accuracy of our model is 91.5%, more accurate than LFEM (72.8%), MSM (78.5%) and MTM (80.2%). In this study, simulation accuracy was obtained by integrating a FEM with statistical model (KLMS). The FEM models the tissues as homogeneous, linear and isotropic. The KLMS has let us reach high accuracy without increasing the complexity of the FEM, by assigning optimal tissue properties to the model for each particular type of patient. Accuracy can also be enhanced by using adaptive-statistical-learning method, a self-learning feature. Speed will be obtained by developing an anatomically detailed model to simulate tissue differentiation where cell density is regulated by the concentration of angiogenic factors.
We have to consider the limitations of our study that there is very small sample size and patient demographics are at a single institution. In addition, we do not have the capability of accounting for factors other than biomechanical.
In summary, this model performed well in predicting alveolar bone material properties for patients with implant-tooth supported fixed partial denture. The combination of biomechanical properties and machine learning method substantially improves prediction of clinical results. During daily mastication, the deformation of some soft tissue such as muscle and mucous membrane in the oral cavity during daily mastication may larger than 10-20%, current linear FEM approach cannot characterize the tissue behavior accurately. A nonlinear FEM can analysis where a nonlinear relation holds between applied forces and displacements, such as geometrical nonlinearity's (i.e. large deformations), and material nonlinearity's (i.e. elasto-plastic material). Thus, a nonlinear FEM approach will be used to improve the prediction accuracy in the future.
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